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1
HAND-DRAWN SKETCH RECOGNITION

BACKGROUND

With the increased prevalence of electronic imaging
devices and the Internet, billions of images have become
publically available and searchable online. However, many
images do not include an accurate description or tagging,
increasing the difficulty of identifying such images using
typical keyword techniques. Consequently, when a user
desires to locate an image having particular features, conven-
tional text-based search engines that rely on short text queries
are often unable to locate desired images in a timely and
efficient manner. Thus, in some cases, a hand-drawn sketch
may be used as at least part of a search query for locating a
desired image. However, machine identification of the subject
of hand-drawn sketches can be difficult. Additionally, while
image-based searching of image collections has been inten-
sively studied, little progress has been made in developing
practical large-scale sketch-based recognition techniques.

SUMMARY

This Summary is provided to introduce a selection of con-
cepts in a simplified form that are further described below in
the Detailed Description. This Summary is not intended to
identify key or essential features of the claimed subject mat-
ter; nor is it to be used for determining or limiting the scope of
the claimed subject matter.

Some implementations herein provide techniques for per-
forming sketch recognition. For instance, a large database or
collection of images and associated text is collected to form a
knowledge base for sketch recognition. In some cases, the
collection of images is segmented into object topics, which
represent the kind of object that occurs in the collection (i.e.,
a sun, a sail boat, a bottle, etc.) and shape topics, which
represents a certain shape of the objects within the object
topic (i.e., a sail boat with one sail, a sail boat with two sails,
etc.). As one example, a probabilistic topic model or a query-
adaptive shape topic model (QST) is utilized to mine object
topics and shape topics related to a sketch.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description is set forth with reference to the
accompanying drawing figures. In the figures, the left-most
digit(s) of a reference number identifies the figure in which
the reference number first appears. The use of the same ref-
erence numbers in different figures indicates similar or iden-
tical items or features.

FIG. 1 shows an illustrative computing architecture for
recognizing sketches according to some implementations

FIG. 2 is a block diagram of an example framework of a
computing device according to some implementations.

FIG. 3 is a block diagram of an example framework of a
server according to some implementations.

FIG. 4 is a pictorial view of a graphical example of the
shape topics and object topics generated based on a sketch
according to some implementations.

FIG. 5 is a block diagram of an example graphical repre-
sentation of a query-adaptive shape topic according to some
implementations.

FIG. 6 is a pictorial view of example word rankings gen-
erated by a sketch recognition system according to some
implementations.
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FIG. 7 is an example flow diagram showing an illustrative
process for providing a text-based tag to a sketch according to
some implementations.

FIG. 8 is a block diagram illustrating an example system
for carrying out sketch-based image recognition according to
some implementations.

DETAILED DESCRIPTION

The disclosed techniques describe implementations of a
sketch recognition system. In real-world cases, an interactive
user interface or touch screen may be implemented to receive
auser’s free form sketch. For example, the user interface may
include a panel or window, which enables the user to compose
a drawing or sketch. In one implementation, collections of
images are utilized to aid in sketch recognition. For example,
aclipart database may be utilized, as many clip art images are
hand-drawn and the contours of clipart images are often simi-
lar to those of hand-drawn sketches. Further, clipart images
are typically already associated with textual-based user
assigned categories, tags, labels, or the like. Additionally, an
image-based search engine may be leveraged to identify
images similar to the user’s sketch from the collections.

In one implementation, sketches are associated with an
object topic and a shape topic. As used herein an “object
topic” represents the kind of object or category of objects that
asketch is associated with (i.e., a sun, a sail boat, a bottle, etc.)
and a “shape topic” represents a category of shape within the
object topic associated with the sketch (i.e., a sail boat with
one sail, a sail boat with two sails, etc.). A shape topic for each
variation in shape associated with images falling within an
object topic is associated with the object topic. Thus, multiple
shape topics may be associated with each object topic and
similar shape topics may be associated with two individual
object topics. For example, a shape topic such as “round
sketches” may be associated with the object topic “sun” and
the object topic “light bulb.” Since sketches are typically
simple drawings, a sketch is associated with a single object
topic and a single shape topic.

In one particular implementation, a query-adaptive shape
topic (QST) model is utilized for sketch recognition. The
QST model utilizes a layered approach including a layer of
object topics and a layer of shape topics. By utilizing the
layered approach, shape variation and shape ambiguity may
be significantly reduced.

Ilustrative Environment

FIG. 1 shows an illustrative computing architecture 100 for
recognizing sketches according to some implementations.
The architecture 100 includes one or more computing devices
102 in communication with an image recognition system 104
via one or more networks 106. The architecture 100 may also
include one or more image collections 108 accessible to the
image recognition system 104 either locally on the same
computing device, or over the network 106. Further, while the
example of FIG. 1 shows a sketching module 110 communi-
cating with the image recognition system 104 over the net-
work 106, in other examples, the sketching module 110 may
be executed on the same computing device as the image
recognition system 104.

As illustrated, the computing device 102 includes the
sketching module 110. The sketching module 110 is config-
ured to receive user inputs and to interpret the user inputs as
hand-drawn sketches. For example, the sketching module 110
may receive user inputs via a touch screen or other input
device, such as for an interactive drawing game, a search
engine interface, etc., The sketching module 110 may convert
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the user inputs into a sketch and provide the sketch to the
image recognition system 104 for identification.

The image recognition system 104 includes an image mod-
eling module 112 and a sketch recognition module 114. The
image modeling module 112 is configured to analyze image
collections 108 and to generate an image model 116 including
object topics 118 and shape topics 120. In one example, the
image modeling module 112 may model the images of the
image collections 108 based on a probabilistic topic model,
such as a query-adaptive shape topic (QST) model. The
sketch recognition module 114 is configured to utilize the
image model 116 to generate a text-based tag or label for the
sketch 122.

The image model 116 may be used to predict text-based
tags or labels for the sketch 122 based on a set of images 124
returned as a search result from an image-based search. The
image model 116 includes both the object topics 118 and the
shape topics 120. The object topics 118 represent the kind of
objects or categories of objects that a sketch is associated with
and the shape topics 120 represent variations of shapes within
each of the object topics.

The image collection 108 may include one or more collec-
tions of images publicly available on the web or private col-
lections accessible by the computing device 102. For
example, the image collection 108 may include one or more
clipart collections. Clipart collections are particularly suited
for generating the object topics 118 and the shape topics 120,
as the contours of the clipart images have a similar style to
hand-drawn sketches and many of these images have been
tagged or include some type of associated text, which may be
utilized in addition to the images by the image modeling
module 112 to generate the object topics 118 and the shape
topics 120.

In one implementation, a user traces strokes on an input
interface, such as a touch screen (not shown in FIG. 1), of the
computing device 102 and the sketching module 110 converts
the strokes into a sketch 122. The sketch 122 is provided to the
image recognition system 104 via network 106 for identifi-
cation. For example, the sketch 122 may be provided to the
image recognition system 104 as part of an image tagging
system associated with one or more social networking or
image sharing websites. In another example, the sketch 122
may be tagged and indexed as part of a searchable image
collection. As another example, the subject of the sketch 122
may be recognized using the techniques herein, and the
sketch and the recognized subject may be used to search for
related images, such as within the image collection 108 (e.g.,
clipart), or for natural images within the framework of a
commercial search engine.

The image recognition system 104 receives the sketch 122
and executes the image modeling module 112 to generate the
image model 116. The image model 116 is utilized to identify
the subject of the sketch 122. The image model 116 includes
both object topics 118 and shape topics 120. To generate the
object topics 118 and the shape topics 120, the image mod-
eling module 112 searches the image collections 108 using
the sketch 122, as a query. For example, an image-based
search technology may be leveraged to locate images 124
visually similar to the sketch 122. In one implementation, the
image-based search engine ranks the images 124 of the image
search based on similarity to the sketch 122.

The image modeling module 112 filters out complex
images (i.e., images with more than one object), such that the
images remaining are of a single subject. As discussed above,
the images of the image collections 108 may be tagged or
include some type of text-based identification. The remaining
images 124 and text associated with the images 124 are used
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as inputs to generate the object topics 118 and the shape topics
120, for example, according to a QST model.

The image modeling module 112 derives a shape feature
from each ofthe images 124 and associates the image with the
shape topic 120 corresponding to the shape feature. The shape
feature is a mathematical representation of the shape of the
object within a given image. For example, each of the images
124 are associated with a shape topic 120 by taking a prob-
ability that the shape feature of the image 124 belongs to a
given shape topic 120. The shape topic 120, which results in
the highest probability, is selected as the shape topic 120 for
the image 124. In some implementations, the sketch 122 is
utilized to influence the possibility of generating a shape
feature for a given shape topic 120. By utilizing the sketch
122 as an additional input to the shape features, the discov-
ered shape topics 120 of the image model 116 become more
relevant to the sketch recognition module 114.

Each shape topics 120 is associated with one of the object
topics 118. A shape topic 120 is associated with an object
topic 118 by taking the probability, for each of the object
topics 118, that the shape topic 120 belongs to the object topic
118. The object topics 118 are ranked based on the resulting
probabilities and the shape topic 120 is associated with the
object topic 118 with the highest ranking. In this way, each
image 124 returned by the image-based search engine is
associated with a shape topic 120 and each shape topic is
associated with an object topic 118.

Once all of the images 124 are associated with one of the
shape topics 120 and the shape topics 120 are associated with
one of the object topics 118, a word distribution is determined
for the each of the object topics 118. Each object topic 118
represents both visual information (such as the shape topics
120) and semantic information (such as the tags, metadata,
labels, captions and/or text surrounding the images 124). The
semantic information is analyzed in conjunction to the visual
information to determine the word distribution under each of
the object topics 118.

The sketch recognition module 114 selects a tag for the
sketch 122 from the word distribution. For example, the prob-
ability that each word or phrase represents the subject of the
sketch 122 may be determined based on the visual informa-
tion and the word distributions. The words are ranked based
on the probabilities and the top ranking word or phrase is
selected by the sketch recognition module 114, as the tag or
label for the sketch 122. The tagged sketch 122 may be stored
for use in image searches, presented to one or more users over
animage sharing or social networking website and/or indexed
and returned to the user.

FIG. 2 is a block diagram of an example framework of a
computing device 200 according to some implementations.
The computing device 200 may be a tablet computer, cell
phone, smart phone, desktop computer, notebook computer,
among other types of computing devices. In the illustrated
example, the computing device 200 includes, or accesses,
components such as one or more processors 202, one or more
communication interfaces 204 and one or more user inter-
faces 206, in addition to various other components. In some
examples, the processors 202 may be one or more control
logic circuits, central processing units, processing cores or
general purpose processors. The processors 202 are config-
ured to access one or more computer-readable media 208 to
perform the function of the computing device 200.

As used herein, “computer-readable media” includes com-
puter storage media and communication media. Computer
storage media includes volatile and non-volatile, removable
and non-removable media implemented in any method or
technology for storage of information, such as computer-
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readable instructions, data structures, program modules, or
other data. Computer storage media includes, but is not lim-
ited to, random access memory (RAM), read only memory
(ROM), electrically erasable programmable ROM (EE-
PROM), flash memory or other memory technology, compact
disk ROM (CD-ROM), digital versatile disks (DVD) or other
optical storage, magnetic cassettes, magnetic tape, magnetic
disk storage or other magnetic storage devices, or any other
tangible medium that can be used to store information for
access by the computing device 200.

In contrast, communication media may embody computer-
readable instructions, data structures, program modules, or
other data in a modulated data signal, such as a carrier wave.
As defined herein, computer storage media does not include
communication media.

Several modules such as instructions, data structures, and
so forth may be stored within the computer-readable media
208 and configured to execute on the processors 202. A sketch
modeling module 210, an image modeling module 212 and a
sketch recognition module 214 are provided to identify a
subject of a sketch. Various other modules 216 may also be
stored on computer-readable storage media 208, such as an
operating system module.

In some implementations, the computer-readable media
208 may also store one or more image models 218 and/or
image collections 220. The image models 218 are generated
by the image modeling module 212 and include multiple
object topics 222 and shape topics 224. The object topics 222
represent the kind of object or category of objects that a
sketch is associated with and the shape topics 224 represent
the variations of shapes within each of the object topics.

The image collections 220 may be one or more collections
of categorized hand-drawn sketches or images, such as cli-
part. The image collections 220 are searched by one or more
image-based search engines stored on the computer-readable
storage media 208, for example, as part of the image model-
ing module 212. In the illustrated example, the image collec-
tions 220 are stored on computer-readable storage media 208.
In other implementations, the image collections 220 may be
stored on one or more remote servers and accessed by the
computing device 200 and accessed, e.g., via the Internet.

The communication interfaces 204 facilitate communica-
tion between one or more networks (such as networks 106 of
FIG. 1) and/or one or more cloud services. The communica-
tion interfaces 204 may support both wired and wireless
connection to various networks, such as cellular networks,
radio, WiFi networks, short-range or near-field networks
(e.g., Bluetooth®), infrared signals, local area networks,
wide area networks, the Internet, and so forth.

The user interfaces 206 are configured to receive user
inputs, such as a sketch, and to provide outputs to the user,
such as the tagged sketch. For instance, the user interfaces
206 may include one or more input components, such as
keyboards, keypads, joysticks, a mouse, a touch screen, touch
pad, drawing pad, or control buttons, as well as one or more
output components, such as a display. In one particular imple-
mentation, the user interfaces 206 may include one or more
touch screens to enable a user to sketch an image and/or edit
an image by inputting one or more strokes to a touch sensor.

In one example, a user traces strokes on the user interface
206 using the sketching module 210. The strokes are inter-
preted as a sketch by the sketching module 210. For example,
the user may be editing an image using the sketching module
210 by adding a line segment represented by the strokes
traced on the user interfaces 206. The computing device 200

10

15

20

25

30

35

40

45

50

55

60

65

6

may determine what the object of sketch is based on the
strokes and an image model 218 generated based on the
sketch.

The computing device 200 executes the image modeling
module 212 to generate the image model 218. The image
modeling module 212 searches the image collections 220
using the sketch as a query. For example, an image-based
search engine may be leveraged to locate images with feature
shapes similar to those of the sketch.

The image modeling module 212 derives a shape feature
from each of the images returned by the image-based search
engine. Each of the images are associated with a shape topic
224 by taking a probability that the shape feature derived
from the image belongs to a given shape topic 224. Each of the
shape topics 224 are associated with an object topic 222 by
taking a probability that the shape topic 224 belongs to a given
object topic 222. In this way, each image returned by the
image-based search engine is associated with a shape topic
224 and each of the shape topics is associated with an object
topic 222.

Visual information and semantic information are identified
for each of the object topics 222. For example, the shape
features of each of the shape topics 224 associated with the
object topic 222 may be utilized as the visual information and
the text associated with the images may be analyzed to deter-
mine the most commonly occurring words under each object
topic 222. A word distribution for each of the object topics
222 is derived from the most commonly occurring words.

Once the images are converted into the image model 218,
the sketch recognition module 214 may identify one of the
words associated with the object topics 222 as a tag or label
for the sketch. For example, the word with the highest fre-
quency of occurrence may be selected. In one particular
implementation, each word with a frequency of occurrence
above a threshold may be associated with the sketch as
descriptive information.

FIG. 3 is a block diagram of an example framework of a
server 300 according to some implementations. In the illus-
trated example, the server 300 includes components such as
one or more processors 302, one or more communication
interfaces 304 and one or more computer-readable media 306
to perform the function of the server 300. The server 300 may
include any number of servers arranged in any number of
ways, such as server farms, stacks, and the like that are com-
monly used in data centers.

Several modules such as instruction, data stores, and so
forth may be stored within the computer-readable media 306
and configured to execute on the processors 302. An image
modeling module 308 and a sketch recognition module 310
are provided to tag or label sketches. Various other modules
312 may also be stored on computer-readable storage media
306, such as an operating module.

In some implementations, the computer-readable media
306 may also store one or more image models 314 and/or
image collections 316. The image models 314 are generated
by the image modeling module 308 and include multiple
object topics 318 and shape topics 320. The image module
314 also includes multiple images with associated text. The
images are associated with the shape topics 320 and the shape
topics 320 are associated with the object topics 318 based on
one or more shape features derived from the each image
returned from the image-based search engine.

The image collections 316 may be one or more collections
of categorized images. The image collections 316 are
searched by one or more image-based search engines stored
in the computer-readable storage media 306, for example, as
part of the image modeling module 308.
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The communication interfaces 304 facilitate communica-
tion between one or more computing devices (such as com-
puting device 200 of FIG. 2) via one or more networks (such
asnetwork 106 of FIG. 1). The communication interfaces 304
may support both wired and wireless connection to various
networks, such as cellular networks, radio, WiFi networks,
short-range or near-field networks (e.g., Bluetooth®), infra-
red signals, local area networks, wide area networks, the
Internet, and so forth.

Generally, the servers 300 receive sketches at the commu-
nication interfaces 304, for example, from a computing
device (such as computing device 200 of FIG. 2). In various
implementations, the servers 300 access the image collec-
tions 316, generate the image model 314 and identify the
subject of the sketches. In one example, the servers 300
execute the image modeling module 308 to generate the
image model 314. To generate the image model 314, the
image modeling module 308 searches the image collections
316 using the sketch as a query. For example, an image-based
search engine may be leveraged to locate images with shape
features similar to those of the sketch.

The image modeling module 308 derives a shape feature
from each of the images and associates each image with a
shape topic 320 by taking a probability that the shape feature
derived from the image belongs to a given shape topic 320.
The shape topics 320 are ranked based on the probabilities
and the image is associated with the highest ranking shape
topic 320.

The shape topics 320 are associated with object topics 318.
A shape topic 320 is associated with an object topic 318 by
taking the probability that the shape topic 320 belongs to each
of the object topics 318. The object topics 318 are ranked
based on the probabilities and the shape topic 320 is associ-
ated with the highest ranking object topic 318.

Visual information and semantic information are identified
for each of the object topics 318. For example, the shape
features of each of the shape topics 320 associated with the
object topic 318 may be utilized as the visual information and
the text associated with the images may be analyzed to deter-
mine a word distribution for each of the object topics 318.

The sketch recognition module 310 identifies one of the
words associated with the object topics 318 as a tag for the
sketch. For example, the probability that each of the words
from the word distributions represent the sketch may be cal-
culated and the word with the highest probability may be
selected, as the tag or the label for the sketch.

In one implementation, the probability, p(w=w,,Isketch),
that a word applies to the sketch given the image model 314
with object topics 318 may be expressed as follows:

N (69)
p(w = wylsketch) = Z p(ln)z pw=wulz, BpilL)

n=1

where the image model 314 is formed from N images {1, L,
..., Iy} and z denotes the object topics 318 having M words
{w1, Ws, . .., W,}. Once the probabilities are calculated for
each of the M words, the M words are ranked and the top
ranking word w is selected as the tag for the sketch.
Alternatively, or in addition, the functionality described
herein can be performed, at least in part, by one or more
hardware logic components. For example, and without limi-
tation, illustrative types of hardware logic components that
can be used include Field-programmable Gate Arrays (FP-
GAs), application-specific Integrated Circuits (ASICs),
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application-specific Standard Products (ASSPs), System-on-
a-chip systems (SOCs), Complex Programmable Logic
Devices (CPLDs), etc.

Iustrative Examples

FIG. 4 is a pictorial view of a graphical example 400 of the
shape topics and object topics generated based on a sketch
402 according to some implementations. The object topics
and shape topics are shown in layers. The first layer is the
objecttopic layer 404, the second layer is the shape topic layer
406 and the third layer is the image layer 408. The object topic
layer 404 is the high level representation of the images
returned by the image-based search engine in response to
submitting the sketch 402, as a query. That is, the object topic
layer 404 represents the categories of the sketch 402. For
instance, in the graphical example 400, two object topics are
generated from the input sketch 402, the object topic 410
associated with “suns” and the object topic 412 associated
with “light bulbs.” Each of the object topics 410 and 412 are
associated with one or more shape topics.

The shape topic layer 406 is a second level representing the
images returned by the image-based search engine. The shape
topic layer 406 represent a shape feature of the images of the
object topics 410 or 412 associated with the sketch 402. Thus,
the shape topic layer has a shape topic for each variation in
shape associated with images of each object topic. For
instance, in the illustrated example, shapetopics 414, 416 and
418 are associated with the object topic 410. The shape topic
414 represents a shape feature associated with “lines around
the center circle,” the shape topic 416 represents a shape
feature associated with “flames around the center circle” and
the shape topic 418 represents a shape feature associated with
“triangles around the center circle.” Each of the shape topics
414,416 and 418 are associated with one or more images 420,
which have the shape feature represented by the correspond-
ing shape topic. Thus, as shown in the illustrated example,
each ofthe shape topics 414, 416 and 418 include images 420,
which have the shape feature associated with the shape topic.

In one example, an image I has a shape feature defined by
r, and the model generate from the sketch 402 has shape
topics S={s,, S, . . . , 5;} and object topics Z={z,, 7,, . . . 7,}.
The shape topic that the image I belongs to may be deter-
mined by taking the probability p(r,Is,) for each of the shape
topics S. The shape topics S may be ranked according to the
calculated probabilities and the image I may be associated
with the highest ranking shape topic. Likewise, a shape topic
S, may be associated with one of the object topics Z by
determining the probability p(slz,) for each of the object
topics Z. The object topics Z may also be ranked according to
the calculated probabilities and the shape topic S; may be
associated with the highest ranking object topic.

Once the images 420 are associated with a shape topic and
the shape topics are associated with an object topic, the object
topics may be utilized to generate both visual information and
semantic information. As each of the images 420 has a shape
feature, which is represented by the shape topics, each of the
object topics may be associated with a set of shape features
represented by the shape topics. Additionally, each of the
images 420 are also associated with some type of text 422,
such as a tag, a label, metadata, a caption or text surrounding
the image in one or more media content items. The text 422
may be used to generate the semantic information associated
with the object topics 410 and 412. For example, the text 422
may be mined for the most commonly occurring words. The
words are ranked according to frequency of occurrence and
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the top ranking words may be used as the semantic informa-
tion related to a given object topic 410 or 412.

FIG. 5 is a block diagram of an example graphical repre-
sentation of a query-adaptive shape topic (QST) 500 accord-
ing to some implementations. The QST 500 may be utilized to
generate a model given a sketch 502. While each of the
models generated using the QST 500 are slightly different, as
each model is generated per sketch using different input
images, each of the models generated using the QST 500
belong to the same class.

In addition to the sketch 502, the QST 500 receives images
504 with associated textual information when generating a
model. In some examples, the images 504 are returned from
an image-based search engine as the results of a search per-
formed using sketch 502 as the query. In some instances, the
QST 500 may also be configured to receive one or more
keywords 506, as inputs from the user, descriptive of the
sketch 502. The QST 500 generates object topics 508 and
shape topics 510 from multiple inputs including shape fea-
tures 512, tags 514 and a number of modeled parameters, such
as model parameters 516, 518, 520 and 522.

For instance, an image-based search returned N images {1,
L, ..., 1y} with T associated words {w,, w,, ..., w,} and a
shape feature r,, derived from each of the images 1. Addition-
ally, the object topics 508 may be represented by z having
discrete values from 1 to K and the shape topics 510 may be
represented by s having discrete values from 1 to N. The QST
500 also utilizes model parameter 516 represented by 6, the
model parameter 518 represented by 3, the model parameter
520 represented by p and the model parameter 522 repre-
sented by o.

The model may be generated by first sampling the object
topic z~p(zll,) for each image . Then for each object topic z,
the words T {w,, w,, .. ., W} are sampled given a dictionary
of M words {w,, w,, ..., w,,}. Thus, each word w,, may be
calculated as follows:

WD (W 2,0 ey WOrIds) =, e

@

where 8 is equal to 1 if w,e{w,, w,, . . ., W, and zero
otherwise. The shape topics s are also sampled for each of the
object topics z as follows:

s~p(s12,0)=0, ®

Next for each of the shape topics s, the shape features r, are
derived according to the following equations:

Fy~plrls, g, o, B, sketch) = “

1 ( dist(r,,
exp| —

+ 2702 H

dist(ryl sketch)]

s

in which dist(r,,, 11,) is defined as the distance between r,, and
L, and dist(r, Isketch) is the distance between r, and the
sketch 502. Thus, a model including object topics 508, shape
topics 510 and shape features 512 may be generated.

Given the model generated as discussed above, the prob-
ability that a word should be used as a tag for the sketch 502
may be calculated according to the following probability:

PUwr2,516.11,0,B.sketch keywords)-IT,_ ¥ {p(Z,)p
(1L, )p(r, 5,1.0, sketch)p(siz O)IL,, M(p(rw, 1z, b,

keywords)2¢mm? &)

where 8(L,, w,,) isequal to 1 ifw,.e{w,, w,, ..., w,} and zero
otherwise. The word with the highest probability is selected
as the tag or label for the sketch 502.

10

In some implementations, the model parameters 516, 518,
520 and 522 may be trained, for example, using an expecta-
tion-maximization (EM) approach. For instance, by maxi-
mizing a log-likelihood ratio I which may be expressed as

5 follows:

L= (6)
N
10 F+ 3 KLz, P 51, W, 1y, 6, p, 7, B, sketch, keywords)),
n=1
and
N M
15 F= E E E q(z, s)log
n=1 z s
ph,, w, 1y, 2, 516, i, o, B, sketch, keywords)
q(z, 5)
20

where, as discussed above, the model parameter 516 is rep-
resented by 0, the model parameter 518 is represented by f3,
the model parameter 520 is represented by p and the model
parameter 522 is represented by o.

The EM approach may be used to iteratively maximize the
lower bound F and minimize the KL-divergence. Thus the
E-step is calculated as follows:

30
p(z, s, =1, w, |0, u, o, B, sketch, keywords) (3)
q(z, s\l =1,) =
plI =1,, w, 16, u, o, B, sketch, keywords)
35 Given equation (8), the latent variables may be estimated

according to the following equation:

q(zsl=1)p(I=1,)p(II=1,)xp(sIz,0)p(7,, |s,11,0,B,
sketch)IT,,_Mp(w,, |z,B, keywords)))*&m-»m (©)]

40
Since the joint distribution of s and z may be obtained in

condition of observed variable and parameters, it is not nec-
essary to determine the separate joint probabilities for s and z.
Therefore, the lower bound F is maximized in the M-step as

45 follows:

Pl & Y g sy, (19

s

50 v (an
05 = plslz, D) Y g(z s,
n=1
N (12)
Bop = pOvnlz B oc " 3" Sl Wl 1)
55 n=l s

The Gaussian may then be represented by the centermost
sample of the distribution as follows:
60

N . » 13
ax : dist(r, p)
U = arg’: q(z, sl1,)dist(r,Isketch)| — T
=l  z

65

and the estimated variance is:
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N K (14
S e st distrsketchdist(r, o)

n=1 z

T =

-1
N K
> % g(z, sly)dist(r,|sketch)

n=1 z=1

By iteratively performing the EM steps as described above
the model parameters 516-522 converge and, thus, may be
trained to produce more accurate tags or labels for the hand-
drawn sketches 502.

FIG. 6 is a pictorial view of example word rankings gen-
erated by a sketch recognition system 600 according to some
implementations. As illustrated, sketches 602, 604 and 606
are received by the sketch recognition system 600. Generally,
the sketch recognition system 600 submits each of the
sketches 602, 604 and 606 to one or more image-based search
engines. The image-based search engines search one or more
image collections of previously identified images and provide
the identified images to the sketch recognition system 600.

In the illustrated example, the sketch recognition system
600 receives sketch 602 and submits the sketch 602 to the
image-based search engine. In response, the sketch recogni-
tion system 600 receives images 608. The sketch recognition
system 600 models the images 608 using object topics and
shape topics as discussed above. For instance, the sketch
recognition system 600 may have model the images 608 using
the QST model described above with respect to FIG. 5.

Once the model is generated, the sketch recognition system
600 determines a score for each word or phrase associated
with one of the generated object topics and the words are
ranked as shown in graph 614. As illustrated, the phrase
“baseball glove” is ranked the highest, so the phrase “baseball
glove” is applied to the sketch 602. Likewise, the sketch
recognition system 600 receives sketches 604 and 606, per-
forms an image-based search, and receives images 610 and
612 in response. A model for each of the image sets 610 and
612 are generated and words and phrases are selected (for
example, based on frequency) from text associated with the
images 610 and 612. Scores/probabilities are determined for
the selected words and phrases and the words and phrases are
ranked according to the scores (as shown in graphs 616 and
618 respectively). Once ranked, the highest ranking word or
phrase is selected as a tag for the sketches 604 and 606. Thus,
as illustrated, the sketch 604 has the word “beetle” applied
and the sketch 606 has the word “boat” applied.

In some instances, the top ranking word or phrase may be
applied to the image as a label, while a predetermined number
of other word may be associated with the sketch to aid in
future image based searches. For example, sketch 606 may
have the word “boat” applied as a label, while the words
“sailboat”, “sailing” and “sail” may be also be associated with
the sketch 606. In one particular implementation, a word or
phrase may be associated with a sketch if the word or phrase
earns a score greater than a predetermined threshold value.
For example, graph 614 is shown with threshold 620. In this
implementation, the phrase “baseball glove” and the word
“glove” would be associated with the sketch 602, as both
“baseball glove” and “glove” are above the threshold 620.

In one particular implementation, the scores illustrated in
graphs 614, 616 and 618 may be generated based on a prob-
ability that each word should be applied to a sketch. For
example, given N images {1, L,, . . ., I,;} and M words {w,,
Wa, . . ., Wyt A probability, p(w=w,,Isketch), that a word
applies to the sketch given a model based on object topics and
shape topics may be expressed as follows:
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N (15)
p(w = wplsketch) = Z pU) Y. plw=wilz, Ap(alh)

n=1

where the z denotes the object topics and f§ is a tunable
parameter. Once the probabilities are calculated for each of
the M words, the M words are ranked, as illustrated by graphs
614, 616 and 618.

In another implementation, the scores illustrated in graphs
614, 616 and 618 may be generated based on a voting
approach. For example, given N images {I;, L,, . .., I} and
M words {w,, W,, . . ., W} A score, score(w sketch), that a
word applies to a sketch considering both visual similarity
and word frequency may be expressed as follows:

N (16)
score(wlsketch) = Z #(w, I,) x score(l,|sketch)

n=1

where #(w, 1) is the number of times the word occurs in the
text surrounding the N images {I,, L,, . . ., L} and score
(1,,Isketch) represents the visual similarity between I,, and the
sketch.

Iustrative Processes

FIG. 7 is a flow diagram illustrating example processes for
tagging hand-drawn sketches. The process is illustrated as a
collection of blocks in a logical flow diagram, which repre-
sent a sequence of operations, some or all of which can be
implemented in hardware, software or a combination thereof.
In the context of software, the blocks represent computer-
executable instructions stored on one or more computer-read-
able media that, which when executed by one or more pro-
cessors, perform the recited operations. Generally, computer-
executable instructions include routines, programs, objects,
components, data structures and the like that perform particu-
lar functions or implement particular abstract data types.

The order in which the operations are described should not
be construed as a limitation. Any number of the described
blocks can be combined in any order and/or in parallel to
implement the process, or alternative processes, and not all of
the blocks need be executed. For discussion purposes, the
processes herein are described with reference to the frame-
works, architectures and environments described in the
examples herein, although the processes may be implemented
in a wide variety of other frameworks, architectures or envi-
ronments.

FIG. 7 is an example flow diagram showing an illustrative
process 700 for providing a text-based tag to a sketch accord-
ing to some implementations. For example, the process 700
may be a sketch recognition system configured to tag or label
sketches for use in one or more web-based image search
engines. At 702, the sketch recognition system receives a
sketch. For example, the sketch recognition system may
receive the sketch from a computing device (such as comput-
ing device 102 of FIG. 1) for tagging before posting the sketch
on one or more social media websites.

At 704, the sketch recognition system provides the sketch
to an image-based search engine. The image-based search
engine uses the sketch as a query to search one or more
collections of images for images having similar visual fea-
tures to that of the sketch. For example, the image-based
search engine may search one or more clipart databases, as
the contours of the clipart images have a similar style to
sketches, the images are often of a single object and the
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images are typically tagged by the illustrator (i.e., include one
or more caption or text-based identifier).

At 706, the sketch recognition system receives a set off
images and associated text in response to providing the sketch
to the image-based search engine. The set of images may be
images having different objects and/or variant shapes, which
results in intra-class shape variation and inter-class shape
ambiguity.

At 708, the sketch recognition system determines a shape
feature for each of the images. For example, the shape feature
may be one or more mathematical representations derived
from the contours, shapes, lengths and/or directions of the
line segments of each image.

At 710, the sketch recognition system identifies a shape
topic for each of the images based on the shape feature. For
example, the sketch recognition system may calculate a prob-
ability that each of the images belongs to a shape topic given
the shape feature derived from the image. Fach image may
then be associated with the shape topic, which scored the
highest probability.

At 712, the sketch recognition system identifies an object
topic for each of the images based on the shape topic. For
example, the sketch recognition system may calculate a prob-
ability that each of the images belongs to an object topic given
the associated shape topic. Each image may then be associ-
ated with the object topic, which scored the highest probabil-
ity.

At 714, the sketch recognition system identifies a subject or
tag for the sketch based on the object topics and the shape
topics. For instance, a score may be calculated for each of the
words in text corresponding to the images of an object topic
and the word with the highest score may be selected. For
example, given N images {1, L,, . . ., I} and M words {w/,
Wa, . . ., Wyt A probability, p(w=w,,Isketch), that a word
applies to the sketch given a model based on object topics and
shape topics may be expressed as follows:

N (17
plw = wylsketch) = Z pU) Y. pw=wylz, Ap(lh)

n=1

where the z denotes the object topics and 3 is a tunable
parameter. Once the probabilities are calculated for each of
the M words, the M words may be ranked and the top ranking
word is selected as the tag for the sketch.

In another example, given N images {I;, 1, ..., 1} and M
words {w,, W, . . ., W,,}. A score, score(w sketch), that a
word applies to the sketch considering both visual similarity
and word frequency may be expressed as follows:

N (18)
score(wlsketch) = Z #(w, I,) x score(l,|sketch)

n=1

where #(w, 1) is the number of times the word occurs in the
text surrounding the N images {I,, L,, . . ., L} and score
(I,,Isketch) represents the visual similarity between I,, and the
sketch. The M words may again be ranked and the top ranking
tag is selected as the tag for the sketch.
Iustrative System

FIG. 8 is a block diagram illustrating an example system
800 for carrying out sketch-based image recognition accord-
ing to some implementations. To this end, the system 800
includes one or more server computing device(s) 802 in com-
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munication with a plurality of client or user computing
devices 804 through a network 806 or other communication
link. In some implementations, server computing device 802
exists as a part of a data center, server farm, or the like, and is
able to serve as a component for providing a commercial
search website. The system 800 can include any number of
the server computing devices 802 in communication with any
number of client computing devices 804. For example, in one
implementation, network 806 includes the World Wide Web
implemented on the Internet, including numerous databases,
servers, personal computers (PCs), workstations, terminals,
mobile devices and other computing devices spread through-
out the world and able to communicate with one another.
Alternatively, in another possible implementation, the net-
work 806 can include just a single server computing device
802 in communication with one or more client devices 804
via a LAN (local area network) or a WAN (wide area net-
work). Thus, the client computing devices 804 can be coupled
to the server computing device 802 in various combinations
through a wired and/or wireless network 806, including a
LAN, WAN, or any other networking technology, using one
or more protocols, for example, a transmission control pro-
tocol running over Internet protocol (TCP/IP), or other suit-
able protocols.

In some implementations, client computing devices 804
are personal computers, workstations, terminals, mobile
computing devices, PDAs (personal digital assistants), cell
phones, smartphones, laptops, tablet computing devices,
wearable computing devices, or other computing devices
having data processing capability. Furthermore, client com-
puting devices 804 may include a browser 808 for communi-
cating with server computing device 802, such as for present-
ing a user interface of the sketching model to a user and for
submitting a sketch to the server computing device 802.
Browser 808 may be any suitable type of web browser such as
Internet Explorer®, Firefox®, Chrome®, Safari®, or other
type of software configured to enable submission of a sketch
for recognition as disclosed herein.

In addition, server computing device 802 may include an
image recognition component 810, such as image recognition
component 104 of FIG. 1, and an image-based search engine
812 for performing an image search using the sketch received
from client computing devices 804 as a query. Accordingly, in
some implementations, search engine 814 may include user
interface component 816 and matching component 818, for
performing the image-based search on one or more image
collections 820, as described herein. In some implementa-
tions, user interface component 814 may provide the user
interface to the user as a webpage able to be viewed and
interacted with by the client computing devices 804 through
browsers 808.

Additionally, the search engine 812 may include one or
more web crawlers 818 for searching one or more web servers
822 to locate, tag and/or index images from one or more web
pages 824. The web crawlers 818 may generate one or more
indexes 826, such as an image index 828 and a text index 830.
In some implementations, the indexes 826 may be utilized to
locate one or more images in the image collections 820 and/or
online at one or more web servers 822. Thus, in some
examples, the search engine 812 may locate images from
multiple websites on the Internet, while, in other examples,
the search engine 812 may located the images from the image
collection 820 stored in a database accessible by server com-
puting device 802. The web crawlers 818 generate one or
more indexes 826 for the images, such as the image index 828
for sketch-based search of images and the text index 830 for
text-based search of the images.
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The image recognition component 810 identifies the sub-
ject of the sketch received from the client computing device
804. The image recognition component 810 may generate a
model utilizing the images identified by the search engine 812
in the image collections 820 or using the indexes 826 and the
web servers 822. The image recognition component 810 may
then select a text-based tag or label for the sketch based on the
model generated from the images returned by the search
engine 812.

The sketch and the recognition result or tag may be used to
perform a natural image search of images available on web
pages 824, thus increasing the effectiveness of the search over
sketch-based search or text-based search alone. For example,
the sketch query may be applied to perform a search using the
image index 828, and the recognition result or tag may be
used to filter the results for improving the accuracy of the
search results for locating the most relevant images. Alterna-
tively, the recognized subject or tag of the sketch query may
be used to obtain image results using a text-based image
search, and the sketch query may be used as a filter to locate
the most relevant images from the text-based image search
results.

Furthermore, while an example system architecture is
illustrated in FIG. 8, other suitable architectures may also be
used, and that implementations herein are not limited to any
particular architecture. For example, in some implementa-
tions, indexes 828 may be located at server computing device
802. Other variations will also be apparent to those of skill in
the art in light of the disclosure herein.

CONCLUSION

Although the subject matter has been described in lan-
guage specific to structural features and/or methodological
acts, the subject matter defined in the appended claims is not
limited to the specific features or acts described above.
Rather, the specific features and acts described above are
disclosed as example forms of implementing the claims. This
disclosure is intended to cover any and all adaptations or
variations of the disclosed implementations, and the follow-
ing claims should not be construed to be limited to the specific
implementations disclosed in the specification. Instead, the
scope of this document is to be determined entirely by the
following claims, along with the full range of equivalents to
which such claims are entitled.

The invention claimed is:

1. A computing device comprising:

one or more input interfaces for receiving a sketch;

one or more processors; and

a computer-readable storage media storing instructions,

which when executed by the one or more processors,

cause the one or more processors to generate a model for

identifying a subject of the sketch:

performing an image-based search of a collection of
images to identify a set of images with shape features
similar to those of the sketch;

filtering the set of images into a set of filtered images by
removing images that have more than one subject,
each image of the set of filtered images associated
with at least one text-based label;

deriving a shape feature for each image of the set of
filtered images;

generating a plurality of shape topics based on the shape
features of the set of filtered images;

generating a plurality of object topics based on the shape
topics and associating each of the object topics with at
least one of the plurality of shape topics;
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deriving a word distribution for each of the object topics
from the text-based labels;

identifying a word descriptive of the subject of the
sketch from at least one of the word distributions; and

applying the word as a tag to the sketch.

2. The computing device of claim 1, further comprising
calculating a probability for each word associated with the
word distributions and selecting a word from the word distri-
bution as the tag, the word having a highest resulting prob-
ability.

3. The computing device of claim 1, wherein images within
the collection of images are clipart images.

4. The computing device of claim 1, wherein the collection
of' images is accessed via one or more communication inter-
faces.

5. The computing device of claim 1, wherein the sketch is
added to the collection of images.

6. The computing device of claim 1, further comprising
performing one or more predefined actions based on the iden-
tity of the sketch.

7. A method comprising:

receiving, from a computing device over a network, a

sketch;

searching a database of images using the sketch as a query

to identify a set of images, the set of images having shape
features similar to at least one shape feature of the
sketch;

generating a model based on the set of images, the model to

aid in identifying a subject of the sketch;

determining, based at least in part on text-based labels

associated with individual images from the set of images
in the model, the subject of the sketch; and

tagging the sketch with the subject.

8. The method of claim 7, wherein the searching is per-
formed by an image-based search engine.

9. The method of claim 7, wherein the model includes
object topics and shape topics.

10. The method of claim 9, wherein the object topics rep-
resent categories of subjects which may be associated with
the sketch.

11. The method of claim 9, wherein the shape topics rep-
resent shape features associated with the sketch.

12. The method of claim 9, wherein at least one image of
the set of images is associated with one of the shape topics
based atleast in part on at least one shape feature ofthe at least
one image.

13. The method of claim 9, wherein:

at least one image from the set of images is associated with

a shape topic of the shape topics;

the shape topic is associated with an object topic of the

object topics; and

the object topic includes at least one word descriptive of the

object topic based at least in part on a text-based label
associated with the at least one image.

14. The method of claim 9, wherein the subject of the
sketch is determined by ranking probabilities, the probabili-
ties calculated for at least first and second object topics of the
object topics, wherein the probabilities are based at least in
part on at least one word associated with the first and second
object topics and one or more shape topics associated with the
first and second object topics.

15. A computer-readable storage media storing instruc-
tions that, when executed by one or more processors, cause
the one or more processors to generate a model for identifying
a subject of a sketch, the model including:
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at least one object topic, the at least one object topic rep-
resentative of a category which may correspond to the
subject of the sketch;

at least one shape topic associated with the at least one
object topic, the at least one shape topic representative of 5
a shape feature of the sketch; and

at least one image associated with the at least one shape
topic, wherein the at least one shape topic is associated
with a word distribution formed from a textual descrip-
tor associated with the at least one image, and wherein 10
individual words of the word distribution are ranked
based at least in part on a probability that the individual
words are descriptive of the subject of the sketch.

16. The computer-readable storage media of claim 15,

wherein the at least one image includes the shape feature 15
associated with the at least one shape topic and the textual
descriptor.

17. The computer-readable storage media of claim 16,

wherein the at least one image is received from an image-
based search engine as a result of a search performed by the
image-based search engine using the sketch as a query.

18

18. The computer-readable storage media of claim 15,
wherein the at least one image is associated with the at least
one shape topic based at least in part on a probability that the
at least one image has the shape feature of the at least one
shape topic.

19. The computer-readable storage media of claim 15,
wherein the at least one shape topic is associated with the at
least one object topic based at least in part on a probability
that the shape feature of the at least one shape topic belongs to
the category of the at least one object topic.

20. The method of claim 7, wherein:

the model includes object topics and shape topics,

at least one image from the set of images is associated with

at least one of the shape topics, the at least one of the
shape topics being associated with a text-based label
associated with the at least one image, and

individual words of the text-based label are ranked based at

least in part on a probability that the individual words are
descriptive of the subject of the sketch.

#* #* #* #* #*



